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ABSTRACT. This study empirically tests the contagion effects in stock and real estate investment 
trust (REIT) markets during the subprime mortgage crisis by using daily stock- and REIT-markets 
data from the following countries and international bodies: the United States, the European Union, 
Japan, Hong Kong, Singapore, Australia, and the global REIT market. We found a significant and posi-
tive dynamic conditional correlation (DCC) coefficient between stock returns and REIT returns. The 
results revealed that the REIT markets responded early to market shocks and that the variances were 
higher in the post-crisis period than in the pre-crisis period. Evidence supporting the contagion effects 
includes increases in the means of the DCC coefficients during the post-crisis period. The Japanese and 
Australian REIT markets possess the lowest time-varying downside systematic risks. We also demon-
strated that the “DCC E-beta” captures more significant downside linkages between market portfolios 
and expected REIT returns than does the standard CAPM beta.
KEYWORDS: Contagion effect; Systematic risk; Downside risk; Time-varying beta; Dynamic condi-
tional correlation (DCC) model
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1. INTRODUCTION 
During the period from March 2007 to 2008, the 
U.S. financial market experienced an unprecedent-
ed financial shock, which spread swiftly to other 
countries in Europe and Asia. The sharp rise in 
subprime mortgages in the U.S. in the early 2000s 
had been unsustainable and was the precursor to 
the crisis. One of the most severe financial crises 
since the Great Depression was triggered follow-
ing the bankruptcy of the New Century Financial 
Corporation on March 13, 2007. The U.S. subprime 
mortgage crisis was a tragic event that can be used 
by researchers to empirically test for contagion ef-
fects in financial markets. 
Studies such as Baig and Goldfajn (1999), Ed-
wards (2000), Bazdresch and Werner (2001), Gan-
de and Parsley (2005), Arestis et al. (2005), Kall-
berg et al. (2002, 2005), Kuper and Lestano (2007), 
and Eddie and Ka (2012) demonstrated that finan-
cial markets are vulnerable to contagion effects. 
If uncontained, these contagion effects can lead to 
a dramatic loss of investor confidence, which in 
turn can cause instability in regional and global 
financial markets. This study conducted a cross-
market examination of the relationships between 
the stock market and the real estate investment 
trust (REIT) market to test the synchronization 
and integration of the two markets. Markets that 
observe strong comovements between stock and 
REIT prices are vulnerable to contagion effects. 
Increased correlations between financial markets 
across various countries signal strong economic 
convergence, which reduces the effectiveness of in-
ternational diversification strategies. International 
investors must be mindful that asset return cor-
relations are not constant. In addition, they must 
learn to manage contagion risks when cross-mar-
ket asset return correlations increase considerably. 
Some researchers have discovered evidence of 
dynamic return correlations between stocks and 
REITs. Chandrashekaran (1999) calculated the 
correlation coefficients between the monthly excess 
returns of the REIT index and the S&P 500. He 
demonstrated that the correlation dropped from 
79% in 1980–1984 to 48% in 1990–1996. Clayton 
and MacKinnon (2001), Conover et al. (2002), Bley 
and Olson (2005), and Westerheide (2006) revealed 
that the correlations between REITs and stocks 
declined during the period from 1972 to 2001. 
Cotter and Stevenson (2006) used a multivari-
ate vector autoregressive generalized autoregres-
sive conditional heteroskedasticity (VAR-GARCH) 
technique to model the daily return and volatil-
ity relationships between REITs that specialize 
in various property types and between the REITs 
and stocks. That study demonstrated that the dai-
ly conditional correlations fluctuated widely, but 
trended upward during the period from January 
1999 to June 2003. None of these studies, however, 
tested the contagion effects between the stock mar-
ket and the REIT market.
Contagion risk is a topic of contention in finan-
cial literature. Forbes and Rigobon (2002) define 
contagion as a considerable increase in comove-
ments across markets. A persistently high cor-
relation suggests strong linkages between two 
economies (markets) that are said to be interde-
pendent. Based on this argument, contagion is 
signified by a dynamic increase in the correlation. 
This study tests for contagion effects across vari-
ous asset classes (stocks and REIT) and various 
markets. Two methodologies are used in our tests. 
First, the constant conditional correlation model of 
Bollerslev (1990) and the dynamic conditional cor-
relation (DCC) model of Engle (2002) are used to 
estimate the time-varying beta. Second, the study 
estimates the downside systematic risks for the 
REIT markets to more reliably capture the risk 
preference of investors. Investors are more sensi-
tive to downside losses than to upside gains. They 
expect a premium on holding assets that strongly 
correlate with declining markets (Ang et al. 2006). 
Young (2008) and Yang and Chen (2009) showed 
that REIT return distributions are not normal, but 
are rather peaked with fat tails. 
We estimate four time-varying beta measures: 
(a) the traditional CAPM beta; (b) Hogan and War-
ren’s (1974) HW-beta, which sets the target re-
turns below the risk-free rate; (c) Harlow and Rao’s 
(1989) HR-beta, which relates the target rates to 
the mean-equity market returns; and (d) Estrada’s 
(2002) E-beta, which considers returns on equity 
and market portfolios that fall below their respec-
tive means. By using the rolling method and the 
DCC model, we estimate and use the betas in our 
tests for contagion effects in the markets.
This study offers three contributions to the lit-
erature. First, it uses a DCC-GARCH (1, 1) model 
to analyze the time-varying betas for seven REIT 
markets across Europe, Asia, Oceania, and the 
U.S. We demonstrate that REIT markets in the 
European Union possess higher systematic and 
downside risks than do other markets. By con-
trast, systematic risks in Japanese and Australian 
REIT markets are relatively low. Investors can use 
Japanese and Australian REITs to hedge against 
investment risks in their portfolios. Second, we 
estimate four different betas and independently 
test their relationships with the expected returns 
in each sample market. The results reveal that 
the DCC E-beta captures the downside linkages 
between market portfolios and expected stock re-
turns. Third, we use the DCC with a multivariate 
GJR-GARCH (1, 1) model to evaluate the conta-
gion effects that occurred across various economic 
regions during the U.S. subprime mortgage crisis. 
The synchronization and integration of the global 
financial markets may have facilitated the spread 
of the contagion of the crisis to other countries.
The rest of the paper is organized as follows. 
Section 2 discusses the empirical methodology, 
which includes DCC and downside risk beta mea-
sures. Section 3 covers the data sources and analy-
ses. Section 4 presents the empirical results and 
draws relevant inferences from them. Section 5 




Asymmetric volatilities, volatility persistence, 
and return autocorrelations are factors generat-
ing time-varying correlations in asset returns. We 
use the DCC model of Engle (2002) to estimate the 
dynamic correlations between stock markets and 
the conditional (downside) beta for each national 
market. 
Based on Engle (2002), the returns can either 
possess means of zero or be the residuals from a 
filtered time series, expressed as follows:
~ (0, )t tr N H  (1) 
and
≡t t t tH D R D , (2) 
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where: Dt is the k×k diagonal matrix of the time-varying standard deviations from the univariate 
GARCH model, with ith  on the ith diagonal and 
Rt as the time-varying correlation matrix. The log 
likelihood of this estimator is expressed as follows:
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where: ε ~ (0, )t tN R  are the residuals standard-ized by the conditional standard deviation.
Engle (2002) proposed expressing the elements 
of Dt as univariate GARCH models to yield the following:
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where: i = 1, 2, …, k, with the usual GARCH re-
strictions for non-negativity and stationary be-
ing imposed (non-negativity of variances and 
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). The subscripted ps and qs of 
each series indicate that the lag lengths need not 
be the same. The proposed dynamic correlation 
structure is then generated as follows:
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where: Q  is the unconditional covariance of the 
standardized residuals resulting from the univari-
ate GARCH equation, and *tQ  is a diagonal matrix 
composed of the square root of the diagonal ele-
























The typical element of Rt is in the form 




ii t jj t
q
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, and the matrix Rt is a positive 
definite. The K asset covariance matrix, Ht, is 
thus a positive definite and can be written as 
≡t t t tH D R D .
2.2. The CAPM and downside betas
2.2.1. Traditional measures of  
the CAPM and downside betas
This study focuses on the systematic risk associat-
ed with second moments. Therefore, our discussion 
is limited to the CAPM and downside betas. The 
CAPM beta is denoted by βCAPMit  and is produced 
by the following:
( ) ( )
( )




it f Mt fCAPM
it
Mt f
R R R R
R R
,  (8)
where: Rit and RMt are the returns of security i (i = 
1, 2, ..., 14) and the market portfolio M, respective-
ly, at time t; and Rf is the risk-free rate. Therefore, 
[Rit – Rf] denotes the abnormal return of security 
i, and [RMt – Rf] denotes the excess return of the 
market portfolio. The CAPM beta is a combination 
of covariance and volatility that measures both the 
sensitivity of asset returns to market returns and 
the correlated relative volatility.
This study considers three measures of the 
downside beta that have been proposed in the 
literature. The first was proposed by Hogan and 
Warren (1974). Considering a riskless asset to be 
an opportunity cost in their interpretation of the 
CAPM in a downside framework, they defined the 
downside beta (HW-beta), denoted byβHWit , as fol-
lows:
( ) ( )
( )




it f Mt fHW
it
Mt f
R R R R ,
R R ,
.  (9)
The numerator in Equation (9) is referred to 
as the cosemivariance of the market portfolio’s re-
turns below Rft with the returns in excess of Rft 
on security i.
Harlow and Rao (1989) suggested that inves-
tors characterize risk as downside deviations be-
low a target set by mean-equity market returns 
rather than by the risk-free rate. Therefore, they 
calculated the downside beta (HR-beta) using the 
covariance of the returns below the average return 
of the market portfolio and the de-meaned return 
on security i. The HR-beta, denoted by βHRit , can 
thus be expressed as follows:
( ) ( )
( )
 − µ ⋅ − µ β =
 − µ 
Cov min 0
Var min 0






where: µi and µM are the average returns of se-
curity i and the market portfolio M, respectively.
Estrada (2002) modified the HR-beta in a down-
side framework by defining the covariance of re-
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turns of security i with those of the market port-
folio as ( ) ( ) − µ ⋅ − µ Cov min 0 min 0it i Mt MR , R , . 
Generalizing the concept of correlation asymmetry, 
Estrada (2002) calculated the correlation of doubly 
truncated bivariate distributions and the downside 
beta (E-beta), denoted by βEit , as follows:
( ) ( )
( )
 − µ ⋅ − µ β =
 − µ 
Cov min 0 min 0
Var min 0
it i Mt ME
it
Mt M
R , R ,
R ,
.  (11)
Galagedera and Brooks (2007) showed that the 
E-beta focuses only on negative returns and thus 
“cannot be linked to a well-behaved utility func-
tion”. However, the E-beta does not suffer from 
the measure-inconsistency problem, in which the 
covariance between securities i and j is not equal 
to the covariance between securities j and i.
2.2.2. The conditional CAPM beta  
(downside beta): using the DCC model
It is well known that financial time-series data, 
in general, exhibit strong-volatility autocorrelation 
behavior (Koutmos 1999; Lebaron 1992), but some 
studies do not consider this property when esti-
mating the CAPM beta. We use the DCC model 
to estimate the CAPM and three downside betas. 
The parameters of the DCC model are estimated in 
a two-step procedure. We first apply the GARCH 
model to remove the autocorrelation of the vari-
ance and then use the filtered series to estimate 
the DCC model. Having used the standardized re-
siduals from the first step, we proceed with the 
second step of estimating the DCC model. This es-
timation produces time-varying conditional vari-
ances and conditional covariances. To avoid confu-
sion with the previously mentioned empirical pro-
cess, this study refers to the betas estimated by the 
DCC-GARCH model as the conditional CAPM and 
downside betas. The conditional CAPM provides a 
convenient method for incorporating both the time-
varying conditional variances and covariances (Bo-
durtha, Mark 1991). The conditional CAPM and 
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where: Ωt–1 represents the information set at time 
t–1. Similarly, the time-varying conditional down-
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3. DATA AND DESCRIPTIVE STATISTICS
This study considered seven REIT markets, includ-
ing the global, United States, European Union, 
Japanese, Hong Kong, Singapore, and Austral-
ian markets. The selected data periods span the 
events of the financial crisis. The samples start on 
January 3, 2000; January 2, 2002; April 2, 2002; 
and March 1, 2005. The sample end date is June 
30, 2013. All data were collected from the Bloomb-
erg database. When data were unavailable because 
of holidays or other reasons, the REITs and stock 
prices were assumed to be identical to those of the 
previous trading day. 
In addition, calculating the beta (the conven-
tional measure of systematic risk) is crucial for 
selecting the market portfolio. The MSCI world 
index, which covers approximately 8,500 securi-
ties of various sizes, is used here as the proxy for 
the market index. It consists of 45 national indices 
from 24 developed and 21 emerging-market coun-
tries. By capturing the global-equity investment-
opportunity set, the MSCI world index can be used 
as a broad and investable global-equity benchmark 
for asset allocation. Finally, the yields on three-
month U.S. Treasury bills over the same periods 
are used as proxies for the risk-free rate, the nomi-
nal data of which had also been converted to a 
daily interest rate.
Based on the conventional approach, the REIT 
and stock returns are calculated as the first differ-
ence of the natural log of each price index, and the 
returns are expressed as percentages. The summa-
ry statistics of the REIT- and stock-index returns 
are presented in Table 1. To visualize the returns 
for each market, we depict the series in Figure 1, 
which shows a clustering of high return volatility. 
This market phenomenon has been widely recog-
nized and successfully captured by GARCH models 
in the finance literature (Bollerslev et al. 1992).
Table 1 reveals that the minimum daily returns 
of the nine markets range from –21.53% to –7.32% 
and that the maximum returns range from 7.71% 
to 19.73%. The skewness ranged from –0.7641 to 
0.1041. Finally, the Global REIT Index return 
distribution is negatively skewed and exhibits an 
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Table 1. Descriptive statistics on stock returns and REIT returns
Items Mean Max Min Std. Dev. Skewness Kurtosis Starting date
Panel A: the stock market
S&P 500 0.0026 10.9572 –9.4695 1.3283 –0.1680 4.5715 3-Jan-00
MSCI 0.0003 9.0977 –7.3221 1.1194 –0.3412 2.8874 3-Jan-00
Panel B: the REIT market
Global 0.0375 7.7128 –9.7304 1.1831 –0.5930 6.7474 3-Jan-00
US 0.0250 16.8755 –21.5324 2.0366 –0.1916 14.1588 3-Jan-00
EU 0.0045 8.5751 –10.1439 1.7153 –0.3572 1.0828 1-Mar-05
JP 0.0128 10.6370 –12.7756 1.5269 –0.4455 7.4984 1-Apr-02
HK 0.0120 19.7289 –19.0823 1.8952 0.0311 5.6083 3-Jan-00
SG 0.0018 12.5791 –15.2938 1.7579 0.1041 3.3552 3-Jan-00
AU –0.0077 8.1115 –11.2176 1.4360 –0.7641 6.1593 2-Jan-02
excess kurtosis of 6.7474 and a mean return of 
0.0375%.
As noted in various media reports, the New 
Century Financial Corporation, the second-larg-
est U.S. subprime mortgage company that filed 
for bankruptcy, ignited the subprime mortgage 
crisis on March 13, 2007. Therefore, we use this 
date to divide the sample into two subperiods: 
pre-crisis and post-crisis. Because of the data 
availability, the sample of the pre-crisis period is 
only 2 years. Therefore, we consider two kinds of 
post-crisis periods: one includes only the sample 
period of 2 years (from March 13, 2007 to March 
12, 2009) for comparison, and the other includes 
all sample periods (from March 13, 2007 to June 
30, 2013) to examine the long-term effect. The 
summary statistics of the REIT returns in the 
seven-market subsample are presented in Table 2. 
Table 2. Descriptive statistics of the REIT returns (subsample)
Items Mean Max Min Std. Dev. Skewness Kurtosis
Panel A: pre-Subprime mortgage crisis (3/13/2005–3/12/2007)
Global 0.1152 2.3059 –3.5340 0.6894 –0.4662 5.0313 
US 0.0863 3.3657 –3.7305 0.9647 –0.2729 4.1168 
EU 0.1163 4.1849 –3.9322 0.9605 –0.0714 6.2504 
JP 0.0951 6.0302 –4.6316 0.9384 0.2483 9.0382 
HK 0.1513 19.7289 –4.4053 1.4238 4.9476 73.9423
SG 0.1525 5.5992 –5.4087 1.2435 –0.3559 5.7634
AU 0.0660 3.1338 –2.9548 0.8179 –0.0615 4.0701 
Panel B: post-Subprime mortgage crisis (3/13/2007–3/12/2009)
Global –0.2171 7.7128 –9.7304 2.0762 –0.3889 6.0127 
US –0.2233 16.8755 –21.5324 3.9387 –0.1061 7.6937 
EU –0.2663 7.4691 –10.1439 2.4059 –0.2889 4.9062 
JP –0.2210 10.6370 –12.7756 2.6481 –0.1961 6.2144 
HK –0.1032 10.4649 –10.4670 2.7197 –0.1231 5.1757
SG –0.2307 12.5791 –10.3180 2.4388 0.3664 6.1887
AU –0.2493 8.1115 –11.2176 2.6377 –0.4829 5.1671 
Panel C: post-Subprime mortgage crisis (3/13/2007–6/30/2013)
Global –0.0032 7.7128 –9.7304 1.5565 –0.3929 2.5321
US –0.0096 16.8755 –21.5324 2.8103 –0.1042 5.7202
EU –0.0298 8.5751 –10.1439 1.8918 –0.3075 0.1496
JP –0.0319 10.6370 –12.7756 1.8327 –0.3551 4.2186
HK 0.0056 10.4649 –10.4670 1.9625 0.0082 0.3986
SG –0.0284 12.5791 –10.3180 1.7438 0.3093 3.3025
AU –0.0501 8.1115 –11.2176 1.8184 –0.6206 2.4066
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Panel B: The REIT markets
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Fig. 1. Stock and REIT returns for each market over the sample period
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A comparison of the two subperiods reveals that 
the REIT returns are generally higher during 
the pre-crisis than during the post-crisis period, 
whereas the standard deviations are higher during 
the post-crisis than during the pre-crisis period.
All markets exhibited positive average returns 
during the pre-crisis periods, with the Singapore 
market exhibiting the highest average daily return 
(0.1525%) and the Australian market the lowest 
(0.0660%). The Hong Kong market possessed the 
highest standard deviation, whereas the global 
index return exhibited the lowest. The minimum 
daily returns fell within the range of –5.4087% and 
–2.9548%, and the maximum returns ranged be-
tween 2.3059% and 19.7289%. The distributions 
of most of the markets returns were negatively 
skewed. In the post-crisis period (from March 13, 
2007 to March 12, 2009), all markets exhibited 
negative average returns. It should be noted that 
the European market possessed the lowest aver-
age return (–0.2663%), which suggests that it was 
the most severely affected market during the cri-
sis period. The minimum daily return ranged from 
–21.5324% to –9.7304%, whereas the maximum 
varied between 7.4691% and 16.8755%.
4. EMPIRICAL RESULTS
4.1. Contagion effects between the stock  
and REIT markets
The contagion effect is an adverse condition which 
arises when one company negatively affects other 
companies or an entire industry. Contagion effects 
on a broader scale can also be a market concern. 
Contagion effects may spread from one country 
to another and consequentially affect the entire 
global market. 
Forbes and Rigobom (2002) define contagion as 
a major increase in comovement across markets. 
Thus, the contagion involves an increase in dynam-
ic correlations. This study uses the DCC of Engle 
with a multivariate GJR-GARHC (1, 1) model to 
estimate DCCs. Table 3 presents the parameter 
estimates for the GJR-GARCH (1, 1) model. The 
results show that all of the “beta” and “gamma” 
parameters are significant, which implies that 
autocorrelation and asymmetry are demonstrated 
in most of the series. Therefore, the DCC used in 
conjunction with the GJR-GARCH (1, 1) model is 
suitable for estimating the conditional correlations 
between the stock and REIT markets.
Table 4 presents the summary statistics of 
the DCCs between the S&P 500 and each REIT 
market. All conditional correlations between stock 
and REIT markets were positive, indicating that 
significant comovement existed between them. We 
used the S&P 500 and U.S. REITs to illustrate 
this point because they possessed the highest cor-
relation coefficients. The mean conditional correla-
tion coefficient was 0.7540. The highest conditional 
correlation was 0.8647 and the lowest conditional 
correlation was 0.5700.
Figure 2 shows the individual DCC plots for 
the pairwise markets. The breakpoint dates are 
represented by the shaded area. All of the plots 
exhibit time-varying patterns with volatility clus-
tering, which justifies the time-varying perspec-
tive of this study. Moreover, Figure 2 reveals 
swiftly rising time-varying conditional correla-
tions between the S&P 500 and each REIT mar-
ket before the subprime mortgage crisis occurred. 
This phenomenon seems to indicate that financial 
markets typically respond early to market infor-
mation or news, which supports the efficient mar-
ket hypothesis.
To identify the existence of contagion, we use a 
t-test for the difference in the means of the DCC 
between the pre-crisis and the post-crisis periods. 
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Table 3. The parameter estimates of the GJR-GARCH (1, 1) (sample period: 3/13/2005–6/30/2013)
ARCH(Alpha) GARCH(Beta) GJR(Gamma)
Coefficient Std. Error Coefficient Std. Error Coefficient Std. Error
S&P500 –0.0346 *** 0.0101 0.9271 *** 0.0145 0.1785 *** 0.0300
Global REITs 0.0284 ** 0.0132 0.9063 *** 0.0133 0.1116 *** 0.0242
US REITs 0.0762 *** 0.0185 0.8819 *** 0.0145 0.0772 *** 0.0246
EU REITs 0.0302 ** 0.0129 0.9108 *** 0.0138 0.0964 *** 0.0202
JP REITs 0.1456 *** 0.0286 0.8096 *** 0.0311 0.0978 ** 0.0448
HK REITs 0.0000 0.0030 0.9552 *** 0.0104 0.0765 *** 0.0125
SG RETIs 0.0631 *** 0.0216 0.8851 *** 0.0269 0.0721 *** 0.0255
AU REITs 0.0474 ** 0.0202 0.9082 *** 0.0250 0.0689 *** 0.0241
Note: Asterisks denote statistical significance at the 1% (***), 5% (**), and 10% (*) levels.
The test results for the contagion effects are pre-
sented in Table 5. The test results indicate that for 
each pair of stock and REIT markets, a significant 
increase occurred in the DCCs during the post-
crisis period (March 13, 2007 to March 12, 2009). 
When we focus on the extended post-crisis period 
(March 13, 2007 to June 30, 2013), most markets, 
in addition to Hong Kong, also showed a signifi-
cant increase. The results do not rule out the ex-
istence of a contagion effect in the REIT markets, 
because the impact of the subprime mortgage cri-
sis persisted. Following the bankruptcy of Lehman 
Brothers, this impact could not be contained at the 
local level, and it quickly spread, then escalated 
into a global financial crisis.
The contagion effect implies integration and 
strong comovements between markets, which can 
reduce opportunities for international diversifica-
tion. Increased correlations among financial mar-
kets may signal increased economic convergence. 
Investors must reduce investment risk by using 
hedging products, such as increasing bond alloca-
tion, shorting futures contracts, purchasing put 
options, and improving cash positions.
4.2. Estimating the CAPM  
and downside betas
As described in Section 4.1, the evidence for the 
contagion effect between the stock and REIT 
markets implies that the REIT markets may be 
exposed to greater systematic risk than other 
markets are. Therefore, this section focuses on 
the measure of systematic risk. First, using the 
formulae provided in Equations (8)–(11), we cal-
culated the CAPM and three downside betas for 
each REIT market by using the standard roll-
ing one-year daily return. For example, we used 
the REIT data of the United States from Janu-
ary 3, 2000 to January 1, 2001 to calculate the 
variance and covariance, which are provided in 
Equations (1)–(4), and then obtained the corre-
sponding value as the beta of January 2, 1991. 
Table 5. Dynamic conditional correlation and contagion effect
pre-crisis mean post-crisis mean t-statistic Conation effect
Panel A: post-Subprime mortgage crisis (3/13/2007–3/12/2009)
S&P500-Global REITs 0.6555 0.7204 17.9105*** Yes
S&P500-US REITs 0.6814 0.7707 25.1371*** Yes
S&P500-EU REITs 0.3606 0.4632 23.1662*** Yes
S&P500-JP REITs 0.1466 0.3606 60.1964*** Yes
S&P500-HK REITs 0.3257 0.4466 26.8942*** Yes
S&P500-SG REITs 0.2979 0.4104 24.1964*** Yes
S&P500-AU REITs 0.2913 0.4128 38.2041*** Yes
Panel B: post-Subprime mortgage crisis (3/13/2007–6/30/2013)
S&P500-Global REITs 0.6555 0.7482 33.0185*** Yes
S&P500-US REITs 0.6814 0.7766 35.9015*** Yes
S&P500-EU REITs 0.3606 0.5274 45.3883*** Yes
S&P500-JP REITs 0.1466 0.2670 38.7670*** Yes
S&P500-HK REITs 0.3257 0.3274 0.3720 NO
S&P500-SG REITs 0.2979 0.3604 15.5366*** Yes
S&P500-AU REITs 0.2913 0.3675 25.6759*** Yes
Note: Asterisks denote statistical significance at the 1% (***), 5% (**), and 10% (*) levels.
Table 4. Dynamic conditional correlation (sample period: 3/13/2005–6/30/2013)
Mean Median Maximum Minimum Std. Dev.
S&P500-Global REITs 0.7262 0.7278 0.8620 0.5443 0.0714
S&P500-US REITs 0.7540 0.7612 0.8647 0.5700 0.0662
S&P500-EU REITs 0.4879 0.5117 0.6813 0.2113 0.1006
S&P500-JP REITs 0.2384 0.2276 0.5024 0.0535 0.0997
S&P500-HK REITs 0.3270 0.3170 0.5565 0.0306 0.0997
S&P500-SG REITs 0.3455 0.3461 0.5350 0.1090 0.0778
S&P500-AU REITs 0.3494 0.3472 0.5431 0.0490 0.0916
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a) CORR S&P500 – Global REITs. b) CORR S&P500 – US REITs.
c) CORR S&P500 – EU REITs. d) CORR S&P500 – JP REITs.
e) CORR S&P500 – HK REITs.
g) CORR S&P500 – AU REITs.
f) CORR S&P500 – SG REITs.
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Note: The shaded area indicates the period of the 
subprime mortgage crisis from March 13, 2007 to 
March 12, 2009.
This calculation rolled on daily to the end, produc-
ing a series of time-varying betas. To avoid confu-
sion with the following empirical process, we re-
fer to the beta estimated by the formula known 
as the “rolling beta.” Second, considering most of 
the financial time-series data exhibits strong au-
tocorrelation behavior, we used the DCC model to 
produce the time-varying conditional variance and 
conditional covariance. The DCC betas were esti-
mated in a two-step procedure. We first applied 
the GARCH (1, 1) to remove serial correlation of 
variance and used the filtered series in estimating 
the DCC model. This estimation procedure uses 
the standardized residuals from the first step to 
produce the time-varying conditional variances 
and conditional covariances. Third, because Bo-
durtha and Mark (1991) suggested that the condi-
tional CAPM provides a convenient way to incor-
porate the time-varying conditional variances and 
covariances, we directly used the conditional vari-
ances and conditional covariances as provided in 
Equations (12)–(15) and compute both the CAPM 
and three downside betas for each REIT market. 
To avoid confusion with this empirical process, we 
refer to the beta estimated by the DCC model as 
the “DCC beta”. 
Using the daily returns of seven REIT markets, 
we calculated the time-varying CAPM and three 
downside betas. To avoid redundancy, we depict 
the four types of time-varying rolling betas of the 
seven REIT markets in Figure 3. To illustrate the 
point, we use the United States as an example. 
Figure 3(b) provides the time-varying rolling be-
tas of the U.S. market. The average CAPM beta 
is 0.972. The highest beta (HR-beta) is 2.929 and 
the lowest beta (CAPM beta) is 0.310. It is clear 
that all plots exhibit time-varying patterns with 
the volatility clustering, which justifies using the 
time-varying perspective in this study. In addition, 
this study reinforces the idea that a time-varying 
beta outperforms a constant beta (Harvey 1989; 
Ferson, Harvey 1991, 1993).
To control the characteristics of autocorrela-
tion behavior of stock returns, we employ the DCC 
model to produce the time-varying conditional 
variance and conditional covariance, and thus cal-
culate the DCC beta. In Figure 4, we depict the 
four kinds of time-varying DCC betas of the seven 
REIT markets. Figure 4(b) shows that the average 
DCC CAPM beta for the U.S. REIT markets was 
0.951. The highest beta was 4.137 (DCC HR-beta) 
and the lowest beta was 0.131 (DCC E-beta).
To compare the CAPM and downside betas, the 
means of these time-varying betas are summarized 
in Tables 6 and 7. The results show that the Eu-
ropean Union REIT market possessed the high-
est mean beta among the seven REIT markets, 
indicating a relatively high (downside) systematic 
risk in this region. The housing-market statistics 
for the European market revealed that residen-
tial permits grew at an annual rate of 4.11% to 
–11.48% from October 2006 to 2007, indicating a 
sharp decline in production and new orders in the 
construction industry (the supply side). The data 
revealed early signs of a bubble in the European re-
gion before the U.S. subprime mortgage outbreak. 
By contrast, the systematic risks in Japanese and 
Australian REIT markets were relatively low. The 
low systematic risk in Australia is understandable 
because of its geographical location. In Japan, by 
comparison, because of the economic collapse, the 
Japanese market is gradually becoming less cor-
related with the world. Therefore, according to the 
results, investors and fund managers could choose 
Australian and Japanese REIT markets to hedge 
against risks.
We also plotted the means of the four types 
of rolling and DCC betas (in ascending order of 
CAPM beta) in Figure 5. The results show that 
the means of the HW-beta and HR-beta are al-
ways higher than the means of other betas, 
which could emphatically remind investors of the 
systematic risk involved in a downside market. 











Global 0.8094 1.1324 1.1254 0.7796
US 0.9720 1.3251 1.3158 0.8841
EU 1.1694 1.5527 1.5514 1.0780
JP 0.3863 0.5409 0.5314 0.3953
HK 0.6177 0.8623 0.8445 0.5349
SG 0.4306 0.6358 0.6215 0.4429
AU 0.3812 0.5007 0.4927 0.3504












Global 0.7629 1.0717 1.0662 0.7365
US 0.9510 1.3176 1.3096 0.8441
EU 1.1623 1.6041 1.5937 1.0967
JP 0.2039 0.3568 0.3518 0.2297
HK 0.6173 0.8831 0.8611 0.5302
SG 0.5048 0.8040 0.8013 0.5496
AU 0.4112 0.5457 0.5532 0.3584
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Fig. 3. The time-varying rolling CAPM beta and rolling downside betas
a) Global REITs beta b) US REITs beta
c) EU REITs beta d) JP REITs beta
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The high values of the HW-beta and the HR-beta 
can indicate downside systematic risk when inves-
tors construct their investment portfolio. As seen 
in Figure 5, the results further reveal that the Eu-
ropean Union REIT market possessed the highest 
betas among the seven REIT markets, indicating 
a relatively high (downside) systematic risk in this 
region. By contrast, the systematic risks in Japa-
nese and Australian REIT markets were relatively 
low. 
4.3. Relationships between beta  
and expected REIT returns
This study investigates the relationship between 
the DCC CAPM beta (the three downside betas) 
and the expected weekly REIT return for the sub-
sample periods from March 13, 2007 to March 
12, 2009 (i.e., after the subprime mortgage cri-
sis). Tables 8 and 9 present the results of the re-
gressions for the four types of betas and expected 
returns based on the rolling method and DCC 
model, respectively. As revealed in Table 8, most 
REIT market rolling betas did not significantly 
affect expected REIT returns. However, as shown 
in Table 9, it is clear that the DCC downside betas 
measure the relationship between risk and expect-
ed return more intuitively than the DCC CAPM 
beta. In the post-crisis period, the DCC downside 
betas possess significant positive effects on the 
expected REIT returns in most of the markets. 
In particular, the DCC E-beta is more reliable 
than the other betas for explaining the expected 
REIT market return. The positive effects on the 
expected REIT returns, as displayed in Table 9, 
are likely to be driven by the negative period of 
the financial crisis. The results are consistent with 
those demonstrated by Galagedera (2007). The pri-
mary explanatory power of the downside beta for 
the expected return reflects the view of investors, 
who are more sensitive to downside losses than to 
upside gains.
Fig. 5. The mean betas of seven REIT markets





























Table 8. The relationship between the rolling betas and the expected REIT return
Model: ( ) ( )−− = α + α β + εRolling0 1 , 1it if i i iti tE R R
REIT Market CAPM beta HW beta HR beta E beta
t-statistic t-statistic t-statistic t-statistic
Global –1.1235 –0.9838 –0.9958 –1.2067 
US 0.1333 0.1754 0.1800 –0.1866 
EU –0.5582 0.3266 0.5102 1.0978 
JP –2.0413 ** –1.2171 –1.3103 –1.5712 
HK –1.5692 –1.7906 * –1.8438 * –1.8304 *
SG –1.8958 * –1.3458 –1.3831 –1.5724 
AU –0.4683 –0.0062 –0.0785 1.1925 
Note: Asterisks denote statistical significance at the 1% (***), 5% (**), and 10% (*) levels.
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5. CONCLUSIONS
Using the data periods before, during, and after 
the subprime-mortgage crisis, this study tested for 
contagion effects in the stock market and REIT 
markets by employing daily returns of seven REIT 
markets, including the global, United States, Eu-
ropean Union, Japanese, Hong Kong, Singapore, 
and Australian markets. The data periods spanned 
the events of the subprime mortgage crisis. The 
empirical findings indicated a positive DCC coef-
ficient between stock returns and REIT returns, 
and also revealed that the hypothesis of contagion 
effects between stock and REIT markets cannot 
be rejected. The variances were higher in the post-
crisis period than in the pre-crisis period. The in-
creases in the means of the DCC coefficients dur-
ing the post-crisis periods provided considerable 
evidence for contagion effects. 
In addition, the study used the rolling method 
and DCC-GARCH (1, 1) model to estimate the 
CAPM and three downside betas. We demonstrat-
ed that the European Union REIT markets pos-
sess the highest systematic risks (i.e., downside 
systematic risks) with beta values slightly above 1. 
The REIT markets in Japan and Australia pos-
sessed relatively low systemic risks with the sys-
tematic risks (betas); they were estimated to be 
less than 0.5. The results suggested that Japanese 
and Australian REIT markets could provide a reli-
able hedge against systematic risks in the portfo-
lios of investors and fund managers. By contrast, 
the high REIT betas for the United States and Eu-
ropean Union did not typically appeal to conserva-
tive investors, such as retirement-fund investors, 
who prefer a stable and less volatile income stream 
than do ordinary investors.
This study estimated eight betas for each REIT 
market and examined the relationship between the 
estimated betas and the expected returns during 
the post-crisis periods. The results demonstrated 
that the DCC E-beta captures significant downside 
linkages between the expected REIT and market 
portfolio returns. These downside relationships are 
weakly captured by the CAPM beta. 
The results of this study have several implica-
tions. First, if a crisis occurs in a huge economy 
such as the U.S., strong contagion effects can 
swiftly spread to other nations. The governments 
of the individual countries should take preven-
tive measures to insulate their financial markets 
against these contagion effects. Some of these 
measures include developing flexible exchange 
rates, setting responsible fiscal policies, creating 
strong reserve levels, fostering an informed invest-
ment community, and implementing more reliable 
oversight of financial systems. These steps could 
reduce, if not fully eliminate, the spread of finan-
cial crises across borders. Furthermore, they can 
minimize the likelihood and potential intensity of 
any recurrence of financial contagion.
Second, systemic risk is a crucial factor for de-
termining investor portfolio strategies. This study 
suggests that when building an investment port-
folio during a financial crisis or an extreme event, 
investors should consider the time-varying down-
side systemic risks rather than the traditional 
CAPM systemic risk. The time-varying downside 
betas can offer investors a more effective measure 
of fund manager performance than can CAPM be-
tas. In addition, corporate financial managers can 
use the downside time-varying beta to ensure that 
capital structure decisions are responsive to mar-
ket dynamics. 
Table 9. The relationship between the DCC betas and the expected REIT return
Model: ( ) ( )−− = α + α β + εDCC0 1 , 1it if i i iti tE R R
REIT Market CAPM beta HW beta HR beta E beta
t-statistic t-statistic t-statistic t-statistic
Global 3.1840 *** 3.7717 *** 3.2630 *** 2.2101 **
US –0.4541 0.1137 –0.1220 –0.8035
EU 2.9787 *** 2.8537 *** 2.5321 ** 2.5692 ***
JP 3.6958 *** 4.5163 4.5827 *** 4.2984 ***
HK 1.6961 * 1.1175 0.7269 2.5928 ***
SG 1.0616 2.3986 ** 1.9518 * 3.9003 ***
AU 3.7745 *** 2.8010 3.5474 *** 4.3496 ***
Note: Asterisks denote statistical significance at the 1% (***), 5% (**), and 10% (*) levels.
55Contagion and downside risk in the REIT market during the subprime mortgage crisis
Finally, the empirical results of this study may 
help investors understand contagion effects and 
systematic risks in REIT markets during extreme 
financial events. The experience of the recent fi-
nancial crisis may help to promote and cultivate 
considerable organizational and personal aware-
ness of risk management. Building an effectively 
hedged investment portfolio can help avoid and 
minimize potential losses caused by systemic 
swings in returns in interconnected markets dur-
ing periods of financial crisis.
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